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Abstract: There are many drugs described with very different affinity to a large number of receptors.
In this work, we selected drug—receptor pairs (DRPs) of affinity/nonaffinity drugs to similar/dissimilar
receptors and we represented them as a large network, which may be used to identify drugs that
can act on a receptor. Computational chemistry prediction of the biological activity based on
quantitative structure—activity relationships (QSAR) substantially increases the potentialities of this
kind of networks avoiding time- and resource-consuming experiments. Unfortunately, most QSAR
models are unspecific or predict activity against only one receptor. To solve this problem, we
developed here a multitarget QSAR (mt-QSAR) classification model. Overall model classification
accuracy was 72.25% (1390/1924 compounds) in training, 72.28% (459/635) in cross-validation.
Outputs of this mt-QSAR model were used as inputs to construct a network. The observed network
has 1735 nodes (DRPs), 1754 edges or pairs of DRPs with similar drug—target affinity (sSPDRPs),
and low coverage density d = 0.12%. The predicted network has 1735 DRPs, 1857 sPDRPs, and
also low coverage density d = 0.12%. After an edge-to-edge comparison (chi-square = 9420.3; p
< 0.005), we have demonstrated that the predicted network is significantly similar to the one observed
and both have a distribution closer to exponential than to normal.

Keywords: Drug—target complex networks; drug—receptor interaction; multitarget quantitative
structure—activity relationships (mt-QSAR); molecular descriptor; Markov model; complex
networks

Introduction

There is a high interest in searching rational approaches
for drug discovery. In particular, in silico prediction is of
major importance for molecular pharmaceutical sciences in

this sense. The actual availability of more than 23 millions
of chemistry substances and approximately 4000 new
substances incorporated every day shows the impossibility
of testing their biological activity on a huge number of
receptors. Many lines of evidence have indicated that
mathematical/computational approaches, such as structural
bioinformatics,' > molecular docking,®'! pharmacophore
modeling,'*'? protein subcellular location prediction,'* '8
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Monte Carlo simulated annealing approach,'® diffusion-
controlled reaction simulation,”® graph/diagram approach,*' ~*
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identification of proteases and their types,*” protein cleavage
site prediction,**** and signal peptide prediction,***’ can
timely provide very useful information and insights for both
basic research and drug design, and hence, they are widely
welcomed by the science community. The present study has
attempted to develop a network approach, hoping that it may
stimulate new strategies for drug development. Quantitative
structure—activity relationship (QSAR) studies, based on
drug molecular descriptors of chemical structure, may play
an important role in the prediction of biological activity.*¥ >3
In principle, we can extend more than 1600 different
molecular descriptors to solve the former problem.>* Our
group has introduced elsewhere a Markov chain model
(MCM) method named “Markov chains invariants for
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network simulation and design” (MARCH-INSIDE). The
MARCH-INSIDE approach makes use of MCM to calculate
the average values of different molecular physicochemical
properties in chemical structures.>

Disappointingly, QSAR studies are generally based on
databases which take into consideration only structurally
parent compounds binding to only one single receptor.”® In
fact, there are many receptors described with very different
drug susceptibility. This very high number of possible
drug—receptor pairs (DRPs) may be investigated using
complex networks (CNs) to regroup or cluster drugs with a
similar multireceptor affinity profile. In fact, we can use CNs
to study relationships between proteins, genes, RNAs,
organisms, or even nonliving objects such as Web pages,
but we can also develop in silico procedures to predict these
CNs.>" % For instance, we predict protein—protein interac-
tions (PINs)®'? or develop protein—protein structural
similarity CNs (PPSS-CNs) which can be constructed by
measuring the structural similarity of pairs or proteins with
similar binding sites.®> We can construct a CN of DRPs
(DRP-CN) accounting for drug affinity by multiple receptors
if we set a certain analogy with PPSS-CNs:

*  In DRP-CN, the DRPs play the same role as the proteins
in PPSS-CNs (nodes).

. In the DRP-CN, two DRPs (PDRPs) are interconnected
by an edge if they have similar drug—receptor structure
and, consequently, affinity (SPDRPs); in the PPSS-CNs,
two proteins are interconnected if they have similar
structure and, consequently, similar function.

. In the PPSS-CN, we need to measure both structure
and function of each protein if we do not have a
computational approach to predict them. For DRP-CN,
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we need to measure the affinity of the drug on different
receptors (DRPs affinity) if we cannot predict it.

We propose herein, for the first time, to reconstruct a DRP-
CN taking into consideration only the sequence of the
receptor and the chemical connectivity of the drug, but
without relying on geometry optimization or drug—drug and
target—target alignment. The task is difficult, but interesting,
because we pretend to shun using 3D structures of drug,
receptor, and drug—receptor complex (Docking) as well as
drug—drug superposition (CoMFA methods) or sequence—
sequence alignment for receptors.**®> A method independent
of these aspects may become notably faster because we do
not have to run optimization algorithms to predict the 3D
structure; these optimization algorithms are computationally
expensive and not fully accurate for many proteins and/or
protein—drug complexes. The present alignment-free method
is also significant because an alignment method may fail if
there are no similar function-annotated sequences in the
database:°° conversely, the QSAR approach to CNs circum-
vents the alignment by using structural parameters.®” Con-
sequently, if we set out to use the QSAR method to construct
the PDRP-CN, we have to develop a QSAR able to predict
DRPs. First, we developed the DRPs-mtQSAR (multitarget-
QSAR)®®~7! classification model, and subsequently, we used
the model outputs to construct a DRP-CN. The QSAR model
proposed here is the first able to discriminate between two
DRPs (PDRPs) that have similar/dissimilar affinity (sSPDRPs/
nPDRPs). Lastly, we compared the DRP-CN predicted with
a DRP-CN constructed here, based on measured values of
DRP affinity.

Methods

Computational Methods. The MARCH-INSIDE ap-
proach is based on the calculation of different physicochem-
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2001, 44, 2432-2437.
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ical molecular properties (44) as an average of atomic
properties (4). For instance, it is possible to derive average
estimations of electrostatic or van der Waals potentials, as
well as the molecular electronegativities ()q), refractivities
(MRy), polarizabilities (), logarithms of water/n-octanol
partition coefficients (log P,), and hardness (174) that we are
going to use in this work, as seen in eq 1:"2

5 5
=12 =1 3 Y pGy, M
k=0

k=0 j

It is possible to consider isolated atoms (k = 0) in the
estimation of the molecular properties °%, %, MR, ‘a, log
OP. In this case, the probabilities °p(4;) are determined without
considering the formation of chemical bonds (simple additive
scheme). However, it is possible to consider the gradual
effects of the neighboring atoms at different distances in the
molecular backbone. In order to reach this goal, the method
uses a MM that determines the absolute probabilities “p(4;)
with which the atoms placed at different distances k affect
the contribution of the atom j to the molecular property in
question.

1 1 .1
P12 Pia P13 Pin

0 0 P21 11’2,2 1!’2,3 ‘ Pay
k= [pA)pQo) )| 0 e e

P .. lp“m
/11
Ay "
<= Dy, @)
. j=1
p

where, from left to right, the first term is ¥4, which is the
average molecular property considering the effects of all the
atoms placed at distance k over every atomic property A;.
The vector on the left-hand side of the equation contains
the probabilities °p(4;) of every atom in the molecule, without
considering any chemical bonds. The matrix in the center
of the equation is the so-called stochastic matrix. The values
of this matrix ('p;) are the probabilities with which each atom
affects the parameters of the atom bonded to it. Both kinds
of probabilities °p(4;) and 'p; are easily calculated from the
atomic parameters (4;) and the chemical bonding information:

py = — 3

(72) Santana, L.; Uriarte, E.; Gonzdlez-Diaz, H.; Zagotto, G.; Soto-
Otero, R.; Mendez-Alvarez, E. A QSAR model for in silico
screening of MAO-A inhibitors. Prediction, synthesis, and biologi-
cal assay of novel coumarins. J. Med. Chem. 2006, 49, 1149-56.
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0,7
o it
py = —1—

Z O
k=1

The only difference is that in the probabilities p(4;) we
consider isolated atoms by carrying out the sum in the
denominator over all n atoms in the molecule. On the other
hand, for lpl-j the chemical bonding is taken into consideration
by means of the factor d;. This factor has the value 1 if
atoms i and j are chemically bonded and it is O otherwise.
All calculations were performed using the program MARCH-
INSIDE version 3.0,”> which can be obtained for free
academic use, upon request, from the corresponding author
of the present work.

In the same way, different physicochemical molecular
properties of the receptor were calculated splitting the
receptor in six different regions (f,) beginning in x (x = 0,
61, 121, 181, 241, 301aa) with 60 amino acids each, except
the last one, and taking into account the amino acid
composition. Therefore, the properties in the sequence (4,(f,))
were determined as the property-sum of each amino acid
(A4) multiplied by the number of this amino acid (N,) divided
between the total of amino acids (Ny) in the corresponding
fragment of receptor (f;). In Tables 1SM and 2SM in the
Supporting Information, we depict the values of 4; and 4,
for some atoms, amino acids and receptors respectively. All
these values depend only on the atomic standard parameters
(4;) obtained from the literature.>*7”*

Na' x) Na' x)
= T, = 250 = 3 (57}
aj

“

aj . aj f
A.
J
E— 5
(ij)()

Statistical Analysis. Let 1, be drug molecular descriptors
and AA(f,, d) drug—receptor interaction descriptors for
different drugs (d) with different receptor fragment sequences
(fv); we attempt to develop a simple linear classifier of mt-
QSAR type with the general formula

2
|

4 5 4
et = D bAYAA D D b DA, )b
=0

=0 =0

4 5 4
> b(ydt Y Db G — A)+b (6)
=0

=0 1=0

We used linear discriminating analysis (LDA) to fit this
discriminant. The model deals with the classification of a
compound set with or without affinity to different receptors.

(73) Gonzélez-Diaz, H., Molina-Ruiz, R. and Hernandez, I. MARCH-
INSIDE v3.0 (Markov Chains Invariants for Simulation & Design);
Windows supported version under request to the main author,
contact e-mail: gonzalezdiazh@yahoo.es, 3.0; 2007.

(74) Hou, T.; Xu, X. ADME Evaluation in Drug Discovery. 2.
Prediction of Partition Coefficient by Atom-additive Approach
Based on Atom-weighted Solvent Accessible Surface Areas.
J. Chem. Inf. Comput. Sci. 2003, 43, 1058-1067.

A dummy variable affinity class (AC) was used as input to
codify the affinity. This variable indicates either high (AC
= 1) or low (AC = 0) affinity of the drug to the receptor.
Sprea (affinity predicted score) is the output of the model,
and it is a continuous adimensional score that sorts com-
pounds from low to high affinity. In eq 6, b represents the
coefficients of the classification function, determined by the
LDA module of the STATISTICA 6.0 software package.”
We used forward stepwise algorithm for a variable selection.
The statistical significance of the LDA model was determined
calculating the p-level (p) of error with chi-square test. We
also inspected the specificity, sensitivity, and total accuracy
to determine the quality-of-fit to data in training. The
validation of the model was corroborated with external
prediction series.

Data Set. The data set was conformed to a set of marketed
and/or reported drugs/receptor pairs where affinity/nonaffinity
of drugs with the receptors was established taking into
consideration the ICsy, k;, pk;,... values. In consequence, we
managed to collect 1735 cases (DRPs). In addition, we used
a negative control series of DRPs conformed to real drugs
and chimera receptors (824 cases). The sequence of the
chimera receptors was built up assembling random fragments
of different real receptors. In the two data sets used, there
were the following training series: 454 compounds showing
affinity to the receptor plus 1470 compounds with nonaffinity
(1924 in total). Predicting series: 149 + 486 = 635 in total.
The names or codes for all compounds are depicted in Table
3SM in the Supporting Information, due to space constraints,
as well as the references consulted to compile the data in
this table.

Drug—Receptor Pair (DRP) Complex Network (CN)
Construction. In order to achieve the drug—receptor affinity
with a network approach where one node represents a DRP
and the edges show similarity between two nodes related to
the activity (sPDRPs or nPDRPs), we carried out the
following steps:

1. First, we calculated two types of affinity Z-scores (drug
score and receptor score) for both experimental and QSAR-
predicted values:

B 0°(Sop(d, 1) — mean-s  (d, r))
Zawsld) = 1 + SDws (d, ) (72)
_ (Sprea(ds 1) — means,,4(d, 1))
Gpredd) = 1 + SDs,y(d. 1) (7b)
B o*(meanrs,, (d,r) — 1) g
) = T SDes (o) (82)
(mean-s,,  (d,r) — 1)
Zpred) = e (8b)

1 + SDrs,eq(d. 1)

where s is the score affinity, either observed score (sops) Or
predicted score (Spred)- Sobs Was calculated on the experimental

(75) StatSoft. Inc. STATISTICA (data analysis software system), version
6.0, www.statsoft.com.Statsoft, Inc., 6.0; 2002.
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data (ICso, ki, pki,...). We calculated the sp..q of each one of
the 1735 drugs with all the receptors studied here by
substituting the molecular descriptors into the QSAR equa-
tion, using the Microsoft Excel application.”® Mean is the
average either of sops OF Spreq for the DRP. SD is the standard
deviation, and o is a variable with values 1 (when sq 18
proportional to the biological affinity) and —1 (when s 1S
opposite to the biological affinity).

2. We calculated the distance matrix between all PDRP
using a Euclidean distance:

P = V(2o — 2o T s~z
(9a)

P = e )y = Zprea @) F ConedPr = Zpred )
(9b)

3. Using Microsoft Excel’® again, we transformed the

DRPs distance matrices into Boolean matrices. The elements
of this type of matrix are equal to 1 if a PDRPs has a
Euclidean distance d;; < a cutoff value. We explored the
threshold values in a range from 0.002 to 0.05 trying to obtain
an average DRP node degree equal to 3 and minimizing the
number of disconnected DRPs. The line command used in
Excel to transform the distance matrix into a Boolean matrix
was f = if (A$1= $B2, 0, if (B2 > cut-off, 0, 1)). It allows
transforming distance into Boolean values and equals the
main diagonal elements to 0, avoiding loops in the future
network.””
4. We compared the observed and predicted PDRP pair-
to-pair networks using a chi-square (y?) test. Therefore, we
used a contingency table where a, b, ¢ and d are the observed
frequencies in our networks. (See Table 1.) These frequencies
were calculated as follows: f = if (and (obs B2! = 1, pred
B2! = 1), 1, if (and (obs B2! = 1, pred B2! = 0), 2, if (and
(obs B2! = 0, pred B2! = 1), 3, 4)). Then
e “a” is the number of PDRPs neither connected in
observed networks nor in predicted ones (the elements
in the observed and predicted matrices are equal to 0);

*  “b”is the number of PDRPs not connected in observed
networks but connected in predicted ones (observed is
0 and predicted is 1);

e “c” is the number of PDRPs connected in observed
networks but not connected in predicted ones (observed
is 1 and predicted is 0);

e “d” is the number of PDRPs connected in observed
networks and in predicted ones (observed and predicted
are 1).

5. The chi-square test allows us to determine if the
variables are associated or not. If they are not associated,
we could conclude that they are independent. The first step
of the chi-square test for independence is to establish

(76) Microsoft Corp. Microsoft Excel 2002.

(77) Gonzélez-Diaz, H.; Prado-Prado, F. Unified QSAR and Network-
Based Computational Chemistry Approach to Antimicrobials, Part
1: Multispecies Activity Models for Antifungals. J. Comput. Chem.
2008, 29, 656-657.
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Table 1. Contingency Table Results for QSAR and CN
Analyses

parameters observed values®
parameter % predicted iDRPs  aDRPs total
Mt-QSAR Model Training
specificity 72.7 iDRPs 1069 401 1470
sensitivity 70.7 aDRPs 133 321 454
accuracy 72.2 total 1202 722 1924
mt-QSAR Model Cross-Validation
specificity 72.4 iDRPs 352 134 486
sensitivity 71.8 aDRPs 42 107 149
accuracy 72.2 total 394 241 635
QSAR-y2 376.19
p <0.001

Observed vs Predicted Complex Networks

predicted nPDRPs sPDRPs total
nPDRPs 3001474 3302 3004776
sPDRPs 3508 206 3714
3004982 5243 3010225

parameter %
nonsimilar PDRPs 99.9
similar PDRPs 5.5
accuracy 99.8 total

Expected Contingency for Complex Networks”
nonsimilar PDRPs 99.8 nPDRPs 29995425 5233.5 3004776
similar PDRPs 0.2 sPDRPs 5439.5 9.5 5449

accuracy 99.6 total 3004982 5243 3010225
CN-y? 9420.3
P <0.005

2 aDRPs: drug—receptor pairs for compounds with high affinity.
iDRPs: drug—receptor pair for compounds with low affinity.
sPDRPs: pairs of similar drug—receptor pairs. nPDRPs: no-similar
pairs of drug—receptor pairs. © Expected values.

hypotheses. A null hypothesis occurs when the two variables
are independent (the observed and predicted activity of the
DRPs is not associated). The alternative hypothesis to be
tested occurs when the two variables are dependent. x> was
calculated as follows:”®

DD 10)

=1 j=1 ij

r k (OU _ E'U)2

6.In eq 10 Oy is the observed frequency and Ej; is the
expected or theoretical frequency. Ej is calculated as follows:

:(a+b)><(a+c)

Ey . (11a)
E21:(c+d);<(a+c) (11b)
E12=(a+b);<(b+d) (110)
E22:(c+d)>’;(b+d) (11d)

7. Then, we compared the value calculated in the formula
above to a standard set of tables. The value returned from

(78) Hill, T.; Lewicki, P. STATISTICS Methods and Applications. A
Comprehensive Reference for Science, Industry and Data Mining;
StatSoft: Tulsa, 2006; pp 1—813.
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Figure 1. Graphical view of the coincident edges on observed vs predicted DRP-CNs.

the table is p < 0.005. Thus, we can reject the null hypothesis
and conclude that there is an association between the
variables.

8. The Boolean matrix was saved as a.txt format file. After
we had renamed the.txt file as a.mat file we read it with the
CentiBin software.””*® Using CentiBin we can not only
represent the network but also highlight all DRP (nodes)
connected to a specific DRP and consequently calculating
connectivity parameters, including the node degree.

9. CentiBin software was used to generate random net-
works by five different algorithms including Barabasi—Albert
random network, Kleinberg small world network (SWN), 2D
lattice network, Erdos—Renyi network and Epsstein power
law network (PLN).%° These random networks were com-
pared with the observed and predicted networks.

10. Lastly, all node degrees were used as input in STATIS-
TICA in order to study the distribution of the network and
compare it with other ideal network distributions including
normal, log-normal, exponential, gamma, and chi—square.75

Results

Training and Validation of the mt-QSAR Model.
Common physicochemical properties have been demon-
strated to be useful on protein QSAR.*"*2 This work
introduces for the first time a single linear mt-QSAR equation
model to classify drugs according to their affinity to bound

(79) Koschiitzki, D. CentiBiN Version 1.4.2, 2006.

more than 60 different receptors based on simple physico-
chemical parameters. The best model found was

S

pred

= 85.40(d) — 70.50(fy,,, d) — 0.50(f 50 4
15.0°0(f g1 4r @) — 51.0log P(d) +

51.040g P(fy,, . d) + 2.9%(Fruree d) + 20.513(d) —
ls'g'n(ana’d) - 7'1-77(flSlaa’d) -
13N =1924 4 =137619  p<0.001 (12)

where 0, is the polarizability, log P, is the logarithm of the
water/n-octanol partition coefficient, # is the hardness, y, is
the molecular electronegativity, N is the number of cases
(DRPs) used to train the model and chi-square (y?) is the
statistic used to demonstrate that the model significantly
discriminates between DRPs of compounds with affinity
(aDRP) or nonaffinity (iDRP) to the receptor, at a p < 0.001
level of error. Following the notation given above, for
example 0(fopp d) = a(d) — Q(fopp) 18 the difference between
the polarizability of the drug and the receptor region from 0
to 60bp. In Table 1SM in the Supporting Information, we

(80) Junker, B. H.; Koschutzki, D.; Schreiber, F. Exploration of
biological network centralities with CentiBiN. BMC Bioinformat-
ics 2006, 7, 219.

(81) Ivanciuc, O.; Oezguen, N.; Mathura, V. S.; Schein, C. H.; Xu,
Y.; Braun, W. Using property based sequence motifs and 3D
modeling to determine structure and functional regions of proteins.
Curr. Med. Chem. 2004, 11, 583-593.

(82) Schein, C. H.; Ivanciuc, O.; Braun, W. Common physical-chemical
properties correlate with similar structure of the IgE epitopes of
peanut allergens. J. Agric. Food Chem. 2005, 53, 8752-9.
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depict all the receptor parameters necessary to evaluate a
compound with the QSAR. For a new receptor, it would be
necessary to calculate the new parameters using Table 2SM
in the Supporting Information. This model, with ten variables,
classifies correctly 321 out of 454 aDRP (drug—receptor pairs
for compounds with high affinity) (sensitivity of 70.70%)
and 1069 out of 1470 iDRP (drug—receptor pair for
compounds with low affinity) (specificity of 72.72%). Overall
training accuracy was 72.25% (1390 out of 1924 DRPs). The
validation of the model was carried out by means of external
predicting series. The model classifies correctly 107 out of
149 aDRP (71.81%) and 352 out of 486 iDRP (72.42%) in
validation series. Accuracy for validation series (predict-
ability) was 72.28% (459 out of 635 DRPs). These results
(Table 1) indicate that we developed an accurate model
according to previous reports on the use of LDA in
QSAR 3384

Complex Network Study. In order to recall the capacity
of the mt-QSAR to predict new CNs we selected a database
of recently assayed drugs instead of using the same data
employed for the DT-CN. With these goals in mind, we
constructed first a new observed DRP-CN, considering the
experimental data and exploring the threshold values in a
range from 0.0002 to 0.05, obtaining an average degree from
1.91 to 27.65 respectively (see Table 2). Finally, a cutoff =
0.002 was selected to obtain average DRP node degree equal
to 3.02 and 0 was the number of disconnected DRPs. Node
degree equal to 3 was selected because if it was 1, failure
probability would be too high for the model and more than
3 would be difficult to compare. Next, we used the mt-QSAR
equation to predict the scores of biological affinity for 1735
DRPs including all the 60 receptors studied. The same as
before, we explored the threshold values in a range from
0.002 to 0.05, obtaining an average degree from 1.13 to 20.34
respectively, a cutoff = 0.007, which leads to an average
degree of 3.14, 0 was selected as the number of disconnected
DRPs. Additionally, with this threshold, there were 1754
edges for the observed network and 1857 for the predicted
network.

In Figure 1, we illustrate visually the complex relationships
between DRPs, drawing coincident edges for both the
observed and predicted DRP-CNs. The numeric labels of the
nodes identify the different inputs (DRPs) used in the
analysis. In order to compare the observed and predicted
networks, we used a chi-square test; the obtained value for
the p < 0.005 error level was chi-square = 9420.3.

(83) Alvarez-Ginarte, Y. M.; Marrero-Ponce, Y.; Ruiz-Garcia, J. A.;
Montero-Cabrera, L. A.; Vega, J. M.; Noheda Marin, P.; Crespo-
Otero, R.; Zaragoza, F. T.; Garcia-Domenech, R. Applying pattern
recognition methods plus quantum and physico-chemical molec-
ular descriptors to analyze the anabolic activity of structurally
diverse steroids. J. Comput. Chem. 2007, 29, 317-333.

(84) Morales, A. H.; Rodriguez-Borges, J. E.; Garcia-Mera, X.;
Fernandez, F.; Dias-Sueiro-Cordeiro, M. N. Probing the Antican-
cer Activity of Nucleoside Analogues: A QSAR Model Approach
Using an Internally Consistent Training Set. J. Med. Chem. 2007,
50, 1537-1545.
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Table 2. Elemental Network Properties for Different Cutoff
Values

real network predicted network

cutoff av degree disc. nodes edges av degree disc. nodes edges

0.0002  1.91 0 793 1.13 0 114
0.0004  2.08 0 940 1.18 0 157
0.0006  2.21 0 1053 1.23 0 200
0.0008  2.33 0 1150  1.31 0 268
0.0010  2.42 0 1236 1.36 0 309
0.0020  3.02 0 1754  1.71 0 618
0.0030  3.51 0 2176  2.03 0 890
0.0040 413 0 2711 2.32 0 1149
0.0050 455 0 3078 2.57 0 1366
0.0060 5.12 0 3570 2.88 0 1630
0.0070  5.62 0 4012 3.14 0 1857
0.0080  6.02 0 4353  3.37 0 2056
0.0090 6.48 0 4750 3.86 0 2278
0.0100  7.12 0 5366  3.86 0 2481
0.0200 12.72 0 10165  6.86 0 5081
0.0250 14.94 0 12093  8.48 0 6492
0.0300 17.26 0 14102 10.66 0 8384
0.0350 19.44 0 15994 12.94 0 10361
0.0400 21.63 0 17900 15.35 0 12452
0.0450 24.13 0 20066 17.57 0 14374
0.0500 27.65 0 23121 20.34 0 16775
Discussion

The mt-QSAR Model for DRPs. To the best of our
knowledge, the present is the first mt-QSAR model with the
probability of binding organic compounds to very large
diversity of receptors based only on the molecular connectiv-
ity of the drug and the sequence of receptor fragments. Two
possible applications for the present model are the biomo-
lecular screening of drug affinity to different receptors and
the construction of multireceptor affinity profile networks
for drugs. In both cases, receptor susceptibility identification
is imperative. In order to use the present DRPs-mtQSAR
model for new compounds and/or receptors, first we have
to calculate the physicochemical parameters of the new
compounds and/or receptors. Next, we can substitute these
values in the eq 12 to predict the DRPs. Subsequently, we
can use the model outputs to construct a DRP-CN assigning
new nodes and edges (SPDRPs/nPDRPs) for the new cases.
The final prediction bases on both the values predicted by
the QSAR and the correct connection of the new nodes to
former nodes with similar drugs and/or receptors. In Sup-
porting Information (Table 4SM) we give many examples
of drug and receptor cases with detailed information on the
compounds, predicted classification, and probability of
affinity to different receptors of the drugs.

Using this model we can construct QSAR-based charts to
depict visually the different relationships between the
drug—receptor affinity score (analysis of desirability) and
different regions of the receptors for the same physicochem-
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Figure 2. Example of chart used for the desirability analysis of the QSAR model.

ical property.® It could be used to optimize the drug or the
receptor, changing only one property by organic synthesis
modification of drug or genetic engineering of the receptor.
In Figure 2, we illustrate some of these charts. Note that
these charts may refer to only one receptor region or two
different regions at the same time.

Comparison of the Observed vs Predicted DRP
Complex Networks. Molecular CNs are used to study large
databases and/or complex systems.®® Proteins, nucleic
acids, and small molecules form a dense network of
molecular interactions in a cell.®*> A DRP-CN may help us
to detect the most similar cases (SPDRPs) in the observed
database and study the complexity of drug—target interaction
phenomena. We can conclude, based on the chi-square test

(85) Gonzilez-Diaz, H.; Saiz-Urra, L.; Molina, R.; Santana, L.; Uriarte,
E. A Model for the Recognition of Protein Kinases Based on the
Entropy of 3D van der Waals Interactions. J. Proteome Res. 2007,
6, 904-908.

(86) Bonchev, D.; Buck, G. A. From molecular to biological structure
and back. J. Chem. Inf. Model. 2007, 47, 909-917.

(87) Bonchev, D. On the complexity of directed biological networks.
SAR QSAR Environ. Res. 2003, 14, 199-214.

(88) Park, J.; Barabasi, A. L. Distribution of node characteristics in
complex networks. Proc. Natl. Acad. Sci. U.S.A. 2007, 104,
17916-17920.

presented above, in the Results section, that there is a
statistically significant similarity between the observed and
predicted networks when the average node degree is above
3. We also conclude that even when both (observed and
predicted networks) node distributions do not fit significantly
(neither to exponential nor to normal), both have a distribu-
tion closer to exponential than to normal (Figure 3). In Table
1 we illustrate the contingency matrix with the number of
SPDRP (similar DRPs or same number of DRP-to-DRP
connections) and nPDRP (nonsimilar DRPs) for both CNs
(observed and predicted networks). Notably, in the contin-
gency table of the observed vs predicted CNs, we find both
a high number of nPDRPs and a low number of sPDRPs,
coinciding with the expected behavior when accuracy values
are higher than 99%. It indicates that the predicted DRP-
CN reproduces correctly the high specificity of the drugs
investigated by the receptors.

Interconnection of the mt-QSAR Based DRP-CNs
with Other CNs. Barabasi et al.”” have very recently
reported the construction of a drug—target CN (DT-CN)
based on US Food and Drug Administration-approved drugs

(89) Spirin, V.; Mirny, L. A. Protein complexes and functional modules
in molecular networks. Proc. Natl. Acad. Sci. U.S.A. 2003, 100,
12123-12128.
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Figure 3. Node degree distributions for both observed
and predicted DRP-CNs.

and proteins linked by drug—target binary associations. The
DT-CN is bipartite by definition because they set two types
of nodes: drug nodes or protein receptor node (drug targets).
We propose here a different representation for the same
problem because the DRP-CN is not bipartite, but it considers
only one type of node. As referred above, each node
represents here both a drug and a receptor (DRPs). In this
sense, the nodes of our CN are the edges of the DT-CN, so
the present DRP-CN can be defined as the first line graph
(LG) of the DT-CN.’! In addition, Yamanishi et al.”? also
reported a predictive algorithm to construct DRPs-CN. In
this article, the authors characterized four classes of DRP-
CNs in humans involving enzymes, ion channels, G-protein-
coupled receptors (GPCRs) and nuclear receptors, and
revealed significant correlations between drug structure

(90) Yildirim, M. A.; Goh, K. I.; Cusick, M. E.; Barabasi, A. L.; Vidal,
M. Drug-target network. Nat. Biotechnol. 2007, 25, 1119-26.
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similarity, target sequence similarity and the drug—target
interaction network topology. The originality of the results,
according to Yamanishi et al.,%” lies in the formalization of
the DRP interaction inference as a supervised learning
problem for a bipartite graph, the lack of need for 3D
structure information of the target proteins, and in the
integration of chemical and genomic spaces into a unified
space that they called “pharmacological space”. However,
the method relies upon both drug—drug graph alignment and
receptor—receptor sequence alignment. The drawbacks of the
use of alignment-dependent methods in this kind of work
have been pointed out by Dobson and Doig®*** and reviewed
in detail by Han et al.”* Alignment fails when a similar
protein cannot be identified, or when any similar proteins
identified also lack reliable annotations. In this sense, the
importance of the present study does not rely, undoubtedly,
on the construction of the LG version of the Barabasi’s DT-
CN. The importance of our study is that we can construct
the CN starting from experimental outcomes as in the work
of Barabasi et al.”® and predict the CN for new DRPs not
experimentally determined using the mt-QSAR as in the
work of Yamanishi et al., but we do not have to rely upon
drug—drug or target—target (receptor—receptor) alignment.
It allows us to add computationally new DRPs describing
new potential drugs or targets that had not been described
before in an alignment-independent way. We selected here
the LG graph only to facilitate the construction of the CN
from the outputs of the mt-QSAR model. In closing, the
DRP-CNs predicted with this procedure could become a
useful tool to identify potential drugs and/or targets. Both
drugs and/or targets could be incorporated to DT-CNs; or
the new targets added to a human disease—target CN* or
the new drugs included into a disease—drug CN.%¢

Conclusions

Using the MARCH-INSIDE approach, it is possible to
seek a mt-QSAR classifier to predict the probability of drugs
to bind more than 60 different molecular receptors based
only on drug connectivity and receptor sequence. The model

(91) Estrada, E.; Guevara, N.; Gutman, I. Extension of Edge Con-
nectivity Index. Relationships to Line Graph Indices and QSPR
Applications. J. Chem. Inf. Comput. Sci. 1998, 38, 428—-431.

(92) Yamanishi, Y.; Araki, M.; Gutteridge, A.; Honda, W.; Kanehisa,
M. Prediction of drug-target interaction networks from the
integration of chemical and genomic spaces. Bioinformatics 2008,
24, 1232—40.

(93) Dobson, P. D.; Cai, Y. D.; Stapley, B. J.; Doig, A. J. Prediction
of protein function in the absence of significant sequence
similarity. Curr. Med. Chem. 2004, 11, 2135-2142.

(94) Han, L.; Cui, J.; Lin, H.; Ji, Z.; Cao, Z.; Li, Y.; Chen, Y. Recent
progresses in the application of machine learning approach for
predicting protein functional class independent of sequence
similarity. Proteomics 2006, 6, 4023-4037.

(95) Goh, K. I.; Cusick, M. E.; Valle, D.; Childs, B.; Vidal, M.;
Barabasi, A. L. The human disease network. Proc. Natl. Acad.
Sci. U.S.A. 2007, 104, 8685-8690.

(96) Nacher, J. C.; Schwartz, J. M. A global view of drug-therapy
interactions. BMC Pharmacol. 2008, 8, 5.
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can be used as a tool for preliminary screening of drugs
without relying upon geometrical optimization of drug,
receptor, and drug—receptor complex structure and avoiding
receptor alignment as well. This mt-QSAR was also dem-
onstrated to be an efficient tool for computational assembly
of drug—target complex networks that accurately reproduces
the network based on experimental findings. This kind of
complex network could become a valuable approach to
explore large drug—target data of high complexity.
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